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IDENTIFICATION OF ATTRIBUTES AND 
VALUES USING MULTIPLE CLASSIFIERS 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

The instant application is related to co-pending U.S. patent 
application Ser. Nos. 10/119,665; 11/742.215; 11/742,244 
and 1 1/855,493, the entirety of which applications are incor 
porated herein by this reference. The instant application is 
also related to co-pending application having Ser. No. 12/987, 
469 filed on even date herewith. 

FIELD OF THE INVENTION 

The instant disclosure relates generally to statistical 
machine learning techniques and, in particular, to the use of 
multiple classifiers in the identification of attributes and val 
ues in a body of text. 

BACKGROUND OF THE INVENTION 

Classification algorithms, as a Subset of statistical machine 
learning techniques, are well known in the art. A classification 
task of particular interest is the extraction of attribute-value 
pairs from natural language documents that describe various 
products. Various techniques for performing Such attribute 
value extraction are described in our commonly-assigned, 
prior U.S. patent application Ser. No. 1 1/742.215 (the “215 
application') and/or U.S. patent application Ser. No. 1 1/742, 
244 (the “244 application'), the teachings of which prior 
applications have been incorporated herein by the reference 
above. As noted therein, retailers have been collecting a grow 
ing amount of sales data containing customer information and 
related transactions. These data warehouses also contain 
product information that is often very sparse and limited. 
Treating products as atomic entities hinders the effectiveness 
of many applications that businesses currently use to analyze 
transactional data, Such applications including product rec 
ommendation, demand forecasting, assortment optimization, 
and assortment comparison. While many retailers have 
recently realized this and are working towards enriching 
product databases with attribute-value pairs, the work is cur 
rently done completely manually, e.g., through inspection of 
product descriptions that are available in an internal database 
or through publicly available channels (such as the World 
Wide Web), or by looking at the actual product packaging in 
a retail environment. 

While our prior U.S. Patent Applications describe tech 
niques that beneficially automate these tasks, further 
improvements are possible. For example, in the sense that 
classification techniques applied to text determine probabi 
listic classifications of words and phrases, the reliability of 
the Such classifications can be degraded to the extent that the 
text includes Substantial amounts of extraneous information. 
Such extraneous text relative to the desired extraction results 
are similar to noise relative to a desired signal. Thus, it would 
be desirable to eliminate such extraneous information from 
text to be analyzed. Furthermore, it is know that certain clas 
sification techniques provide advantages or operate more reli 
ably on certain types of data as compared to other classifica 
tion techniques. Because no one classification technique is 
perfectly Suited for every situation and type of input data, it 
would be beneficial to leverage the advantages of various 
techniques in order to arrive at the best possible results. 

SUMMARY OF THE INVENTION 

The instant disclosure describes techniques for performing 
the extraction (i.e., labeling of) attributes and values from a 
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2 
body of text based through the use of multiple classifiers. A 
body of text is provided that comprises a plurality of unknown 
attributes and a plurality of unknown values. Thus, a first 
classification Sub-component labels a first portion of the plu 
rality of unknown values in the body of text as a first set of 
values, whereas a second classification Sub-component labels 
a portion of the plurality of unknown attributes as a set of 
attributes and a second portion of the plurality of unknown 
values as a second set of values. Thereafter, learning models 
implemented by the first and second classification Subcom 
ponents are updated based on the set of attributes and the first 
and second set of values. In an embodiment, the first classi 
fication Sub-component implements at least one Supervised 
classification technique or algorithm, whereas the second 
classification Sub-component implements an unsupervised 
and/or semi-supervised classification technique or algorithm. 
In this manner, the advantages of each different type of tech 
nique may be used to improve the performance of the other 
techniques. In a further embodiment, active learning may be 
employed to provide at least one of a corrected attribute 
and/or corrected value that may be used to update the learning 
models. 

Using the techniques described herein, the reliability of 
statistical machine learning techniques may be substantially 
improved. 

BRIEF DESCRIPTION OF THE DRAWINGS 

The features described in this disclosure are set forth with 
particularity in the appended claims. These features and 
attendant advantages will become apparent from consider 
ation of the following detailed description, taken in conjunc 
tion with the accompanying drawings. One or more embodi 
ments are now described, by way of example only, with 
reference to the accompanying drawings wherein like refer 
ence numerals represent like elements and in which: 

FIG. 1 is a block diagram of a system for processing text in 
accordance with the instant disclosure; 

FIG. 2 is a block diagram of a processing device that may 
be used to implement various embodiments in accordance 
with the instant disclosure; 

FIG.3 is a block diagram illustrating the text preprocessing 
component of FIG. 1 in greater detail; 

FIG.4, is a flow chart illustrating text preprocessing opera 
tions in accordance with various embodiments of the instant 
disclosure; 

FIG. 5 is a block diagram illustrating the classification 
component of FIG. 1 in greater detail; and 

FIG. 6 is a flow chart illustrating classification operations 
in accordance with various embodiments of the instant dis 
closure. 

DETAILED DESCRIPTION OF THE PRESENT 
EMBODIMENTS 

Referring now to FIG. 1, a system 100 for processing text 
is illustrated. More particularly, the system 100 is useful for 
extracting attribute-value pairs from a body of text. Thus, in 
an embodiment, text from at least one document 102 may be 
obtained through a text extraction component 104. The docu 
ment(s)102 may comprise at least one natural language docu 
ment that describes one or more products. As used herein, a 
natural language document comprises any document that at 
least textually describes a Subject using virtually any lan 
guage syntax normally used by, and intended for consump 
tion by, humans, either orally or in written form, when 
describing something. As such, a natural language document 
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may be expressed in any language. Furthermore, natural lan 
guage documents as used herein may comprise unstructured, 
semi-structured or structured documents as known in the art. 
In a most general sense, a Subject may comprise anything that 
may be described using a natural language document and, in 
an embodiment, comprises any object or service that is made 
available by a Supplying entity (e.g., retailers, manufacturers, 
etc.) for use by interested consumers, i.e., a product. For 
instance, it is anticipated that the present invention may be 
beneficially applied to retailers or other commercial enter 
prises that offer an array of merchandise and/or services for 
sale. However, the present invention need not be limited to 
commercial contexts and may be beneficially applied to any 
domain where it would be advantageous to gain insight into 
things described in natural language documents. 

The text extraction component, if used, may comprise an 
automated process for collecting the one or more documents 
102. For example, in one embodiment, the natural language 
documents describing products are available via a public 
communications network such as the World WideWeb in the 
form of textual content in web pages residing on one or more 
web servers. Web servers are well known to those having skill 
in the art. As described in the 215 and the 244 applications, 
a so-called web crawler (i.e., a computer-executed program 
that visits remote sites and automatically downloads their 
contents) may programmed to visit websites of relevant enti 
ties (e.g., retailers, manufacturers, etc.) and extract names, 
Uniform Resource Locators, descriptions, prices and catego 
ries of all products available. Such a web crawler may be 
programmed to automatically extract information or, in a 
simpler implementation, manually configured to extract spe 
cific information. As the web crawler collects suitable infor 
mation (documents), they are stored in a database for Subse 
quent use. Of course, sources of documents other than web 
sites, such as internal databases or other non-publicly acces 
sible sources may be equally employed. Further, the docu 
ments are not restricted to types typically found in web sites, 
e.g., HTML pages, but may include other document types 
such as text files, “MICROSOFT' Office documents, etc. 
Further still, it is not a requirement of the instant disclosure 
that natural language documents be collected in this manner. 
For example, pre-compiled databases of such documents may 
be equally employed. 

Furthermore, in extracting text from a document, the text 
extraction component may preserve the original or source 
formatting of the text. That is, certainstructural features in the 
text, e.g., chapter or section boundaries, font differences, 
headings, etc. may be retained when the text is extracted. As 
described in greater detail below, such features may be use 
fully employed when preprocessing the resulting body of text 
to remove extraneous information. 

Regardless of the source, a body of text is provided to the 
text preprocessing component 106 that operates to remove 
extraneous information from the body of text. As used herein, 
extraneous information is any portion of the text that is 
unlikely to be related to or concern a given Subject, e.g., a 
product. For example, in the case of an electronic consumer 
device such as a digital camera, a web page may include text 
describing specific features of the camera, such as resolution, 
storage type, Zoom capabilities, editing features, etc. that 
would most likely be useful when extracting attributes and 
corresponding values. Conversely, other text describing, for 
example, available shipping options for the digital camera, 
related products, accessories, advertisements, etc. are clearly 
not related to specific features of the digital camera itself and 
would be beneficially ignored. Various embodiments of the 
text preprocessing component 106 are described in greater 
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4 
detail below. A body of text that has been filtered in this 
manneris Subsequently provided, as shown, to a classification 
component 108 for further processing to extract attributes and 
values from the body of text. 
The classification component 108 treats the problem of 

extracting (identifying) attributes and values as a classifica 
tion problem and, therefore, employs one or more classifica 
tion algorithms for this purpose. As known in the art, classi 
fication algorithms deploy learning models that are, in 
essence, statistical representations of what class or category 
certain things (such as words) belong to. Thus, such classifi 
cation algorithms can be applied to a body of text in an 
attempt to classify individual words within the text into one of 
several predefined classes. In the case of the instant applica 
tion, these classes are defined as “attribute”, “value' or “nei 
ther'. Prior to such classification, at least some portion of the 
words and phrases of the text are, relative to the machine 
based learning model underlying the classification algo 
rithm(s), unknown attributes and unknown values. Stated 
another way, a word is an unknown attribute or value to the 
extent that that a learning model has not established a likeli 
hood that the word should be, in fact, categorized as an 
“attribute”, “value' or “neither Words that have been clas 
sified in this manner can be thought of as “labeled data. It 
should be noted that labeled data may come in the form of 
individually labeled words or phrases that exist outside the 
confines of a document structure, e.g., seed attributes and 
corresponding seed values, as described in greater detail 
below. In contrast, a document comprises unlabeled data if 
not all of its constituent words have previously been classi 
fied. As described in greater detail below, classification algo 
rithms may be characterized into three different categories: 
unsupervised, Supervised and semi-Supervised. The tech 
niques described in the instant application may employ any of 
these different categories of classification algorithms indi 
vidually or in combination. As known in the art, unsupervised 
classification algorithms do not require any initial labeled 
data as input in order to work, whereas Supervised classifica 
tion algorithms require labeled data in order to train the clas 
sifier. Semi-Supervised classification algorithms can incorpo 
rate both labeled training data and unlabeled data. 
As further known in the art, a feature of the classification 

algorithm(s) employed by the classification component 108 is 
that the underlying learning models can be updated, i.e., they 
can “learn.” This is illustrated in FIG. 1 by the output 109 of 
the classification component 108, i.e., previously unknown 
attributes and values now labeled as attributes and values, 
being fed back to the classification component. In one 
embodiment described in greater detail below in which mul 
tiple classification algorithms are employed, this means that 
the labeled attributes and values may be used to update all of 
the underlying learning models, regardless of which classifi 
cation algorithm was used to label aspecific attribute or value. 

In another embodiment, an active learning component 110 
is provided in conjunction with the classification component 
108. As described, for example, in U.S. patent application Ser. 
No. 1 1/855,493 (the “493 application”), incorporated by 
reference above and having the same assignee as the instant 
application, active learning techniques incorporate user input 
or feedback to improve the accuracy of models developed by 
learning-capable algorithms. In the case of classification 
algorithms applied to text, such techniques are capable of 
determining which words, if designated by a user as being 
eitheran attribute or value, would most improve the accuracy 
of the learning model. Generally, this is done by estimating 
how much the model can learn from knowing the label of an 
unlabeled example. Well known techniques for accomplish 
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ing this include, but are not limited to, random sample selec 
tion or the so-called density or KL-divergence sample selec 
tion metrics. It is noted that the instant disclosure is not 
limited in this regard. In one embodiment, the active learning 
techniques described in the 493 application may be 
employed in connection with the system 100. Thus, the one or 
more corrected attribute and/or corrected value 111 may be 
used to improve the accuracy of the learning models incor 
porated into the classification component 108. 
The output of the classification component 108 and, if 

provided, active learning component 110, is a plurality of 
labeled attributes and values. However, this does not com 
plete the extract process because Some words that are tagged 
with the same label should be merged to form an attribute or 
a value phrase. Additionally, the system must establish links 
between attributes (or attribute phrases) and their correspond 
ing values (or value phrases), so as to form attribute-value 
pairs. To this end, a consolidation component 112 is provided. 
In an embodiment, the consolidation component 112 prac 
tices those techniques described in the 215 and 244 appli 
cations for identifying attribute phrases and/or value phrases 
and Subsequently linking attributes (and attribute phrases) to 
corresponding values (and value phrases). The resulting 
attribute/value pairs 114 are then provided as the output of the 
system 100. 

In an embodiment, the system 100 illustrated in FIG. 1 is 
implemented using one or more Suitably programmed pro 
cessing devices. Such as the processing device 200 illustrated 
in FIG. 2. The device 200 may be used to implement, for 
example, one or more components of the system 100, as 
described in greater detail below with reference to FIGS. 3-6. 
Regardless, the device 200 comprises a processor 202 
coupled to a storage component 204. The storage component 
204, in turn, comprises stored executable instructions 216 and 
data 218. In an embodiment, the processor 202 may comprise 
one or more processing devices such as a microprocessor, 
microcontroller, digital signal processor, or combinations 
thereof capable of executing the stored instructions 216 and 
operating upon the stored data 218. Likewise, the storage 
component 204 may comprise one or more devices such as 
volatile or nonvolatile memory including but not limited to 
random access memory (RAM) or read only memory (ROM). 
Further still, the storage component 204 may be embodied in 
a variety of forms, such as a hard drive, optical disc drive, 
floppy disc drive, etc. Processor and storage arrangements of 
the types illustrated in FIG. 2 are well known to those having 
ordinary skill in the art, for example, in the form of laptop, 
desktop or server computers. In one embodiment, the pro 
cessing techniques described herein are implemented as a 
combination of executable instructions and data within the 
storage component 204. 
As shown, the device 200 may comprise one or more user 

input devices 206, a display 208, a peripheral interface 210, 
other output devices 212 and a network interface 214 in 
communication with the processor 202. The user input device 
206 may comprise any mechanism for providing user input to 
the processor 202. For example, the user input device 206 
may comprise a keyboard, a mouse, a touch screen, micro 
phone and Suitable Voice recognition application or any other 
means whereby a user of the device 200 may provide input 
data to the processor 202. The display 208, may comprise any 
conventional display mechanism Such as a cathode ray tube 
(CRT), flat panel display, or any other display mechanism 
known to those having ordinary skill in the art. In an embodi 
ment, the display 208, in conjunction with suitable stored 
instructions 216, may be used to implement a graphical user 
interface. Implementation of a graphical user interface in this 
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6 
manner is well known to those having ordinary skill in the art. 
The peripheral interface 210 may include the hardware, firm 
ware and/or software necessary for communication with vari 
ous peripheral devices, such as media drives (e.g., magnetic 
disk or optical disk drives), other processing devices or any 
other input source used in connection with the instant tech 
niques. Likewise, the other output device(s) 212 may option 
ally comprise similar media drive mechanisms, other pro 
cessing devices or other output destinations capable of 
providing information to a user of the device 200, such as 
speakers, LEDs, tactile outputs, etc. Finally, the network 
interface 214 may comprise hardware, firmware and/or soft 
ware that allows the processor 202 to communicate with other 
devices via wired or wireless networks, whether local or wide 
area, private or public, as known in the art. For example, Such 
networks may include the World Wide Web or Internet, or 
private enterprise networks, as known in the art. 

While the device 200 has been described as one form for 
implementing the techniques described herein, those having 
ordinary skill in the art will appreciate that other, functionally 
equivalent techniques may be employed. For example, as 
known in the art, some orall of the functionality implemented 
via executable instructions may also be implemented using 
firmware and/or hardware devices such as application spe 
cific integrated circuits (ASICs), programmable logic arrays, 
state machines, etc. Further still, other implementations of the 
device 200 may include a greater or lesser number of com 
ponents than those illustrated. Once again, those of ordinary 
skill in the art will appreciate the wide number of variations 
that may be used is this manner. 

Referring now to FIG. 3, a block diagram of the text pre 
processing component of FIG.1 is illustrated in greater detail. 
In particular, the text preprocessing component 106 com 
prises a segmentation component 304 operatively coupled to 
a clustering component 308. As indicated by the dashed lines, 
the text preprocessing component 106 may optionally com 
prise a first filter component 302 operatively coupled to the 
segmentation component 304, a tokenizing component 306 
operatively coupled to the segmentation component 304 and 
the clustering component 308 and/or a second filter compo 
nent 310 operatively coupled to the segmentation component 
304. 
The segmentation component 304 takes as input a body of 

text and divides or segments the body of text into a plurality 
of segments. In an embodiment, sentence identification cri 
teria may be applied to the body of text to identify sentences 
therein, with each identified sentence then being provided as 
a separate segment. For example, the sentence identification 
criteria may comprise searching the body of text for periods 
(..) followed by Zero or more spaces and a capital letter in a 
subsequent word. When these conditions are met, the text 
prior to the period may be designated as the end of a sentence 
and the word beginning with the capital letter may be desig 
nated as the beginning of another sentence. Other sentence 
identification criteria may be equally employed for this pur 
pose. In those instances where such sentence boundaries are 
not present, the body of text may be broken into lines of text 
with each line comprising no more thana threshold number of 
contiguous words. In this case, each line of text is then pro 
vided as a separate segment. Each segment may be separately 
stored in a suitable storage device or identified within the 
body of text (again, stored in a suitable storage device) by 
Suitable indicia, e.g., markup tags or the like. 

Regardless, the resulting segments are then provided to the 
clustering component 308, which may implement a cluster 
ing algorithm used to group the plurality of segments into a 
relatively small number of clusters. For example, between 10 
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and 25 clusters may be a useful, but manageable, number of 
clusters in many applications. In an embodiment, the cluster 
ing component 308 implements an unsupervised clustering 
algorithm such as the well-known k-means clustering tech 
niques as described, for example, in "K-means Clustering via 
Principal Component Analysis, Chris Ding and Xiaofeng 
He, Proc. of Int’l Conf. Machine Learning (ICML 2004), pp 
225-232, July 2004, the teachings of which are incorporated 
herein by this reference. Alternatively, the well-known expec 
tation-maximization (EM) algorithm may also be employed 
for this purpose as taught, for example, in The EM Algorithm 
and Extensions, Geoffrey McLachlan and Thriyambakam 
Krishnan, John Wiley & Sons, 1996, the teachings of which 
reference are likewise incorporated herein by this reference. 
As known in the art, clustering techniques use various metrics 
to determine whether distinct items (in this case, segments) 
are sufficiently related to each other to justify grouping them 
together. This process may be repeated until each of the 
plurality of segments is associated with (i.e., included in) one 
of the plurality of clusters. For example, the number of words 
in common between separate segments may be used to deter 
mine how related two segments are. Those having skill in the 
art will appreciate that the particular metric used to establish 
clusters will depend on the particular cluster technique 
employed. 
As further known in the art, the plurality of clusters may be 

refined by eliminating, from individual clusters, those seg 
ments having lowest relevance to their corresponding clus 
ters. In an embodiment, clusters that have representative 
words that are irrelevant (relative to the subject, i.e., product, 
under consideration) are removed from consideration. For 
example, a cluster with a sufficient sampling (selected as a 
design consideration) of representative words Such as 'ship 
ping”, “free”, “UPS”, “FEDEX” or the like indicate that the 
various segments within that cluster are mainly focused on 
shipping terms and options, rather than the product itself, and 
the cluster is therefore eliminated. In this same vein, segments 
within a specific cluster may be eliminated from that cluster if 
Such segments include a significant number (again selected as 
a design consideration) of irrelevant words. Those segments 
remaining after the clustering component 308 has completed 
these operations correspond to the that portion of the text 
deemed most relevant to the Subject under consideration, i.e., 
a particular product. This is illustrated in FIG.3 as relevance 
filtered text output by the clustering component 308. 
As noted above, other optional components may be 

employed to further refine the quality of the text preprocess 
ing operations. The first filter component 302 performs a first 
pass relevance filtering of the body of text to eliminate not just 
specific clusters or segments (as per the clustering component 
308), but entire portions of the body of text deemed to be 
unrelated to a given subject Such as a particular product. To 
this end, in an embodiment, section boundaries as reflected in 
the formatting found in the body of text may be employed. As 
noted above, when the body of text is extracted from one or 
more documents, it is desirable to preserve the original struc 
tural and formatting characteristics. Using these characteris 
tics, it may be possible to delineate specific sections within 
the body of text. For example, explicitly indicated section 
breaks in a document may be used to clearly distinguish 
between separate sections of that document. In another 
embodiment, headings within a document may be identified 
(using known techniques) Such that the text between headings 
constitutes separate sections. Further still, blocks of text hav 
ing different formatting (e.g., font, size, etc.) can be identified 
and different sections inferred thereby. With such sections 
identified, the first filter component 302 then determines 
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8 
whether each section is sufficiently related to the subject 
under consideration. Subsequently, once clusters have been 
created as noted above, the existence of contiguous sentences 
from a given section in a cluster to be eliminated can be used 
to not only remove the cluster, but also the section. In this 
manner, where the first filter component 302 is provided, 
rather than operating directly upon the body of text, the seg 
mentation component 304 instead operates on a filtered body 
of text (i.e., in which various sections have been identified) as 
provided by the first filter component 302. 
As further shown, a tokenizing component 306 may be 

interposed between the segmenting component 304 and the 
clustering component 308. In an embodiment, the tokenizing 
component 306 may replace relatively infrequent words in 
the body of text (e.g., words occurring less than ten times 
throughout the entire body of text) with a unique token such 
as “rare word” or the like. The intuition behind such tokeni 
zation is that it neutralizes words that would otherwise be of 
relatively little use to a statistical learning model by making 
them generic. 

Finally, the second filter component 310 may be provided 
to provide title-filtered text as a separate data set apart from 
the relevance-filtered text. In this instance, the intuition is that 
titles often contain a series of keywords that are values for a 
set of attributes for a given subject, and would therefore 
provide a useful basis for extracting values. Thus, in an 
embodiment, the second filter component 310 analyzes each 
segment to identify those segments that include at least one 
word found in one or more titles found in the body of text. In 
an embodiment, this may be achieved by using patterns that 
are specific to data sources to identify titles. For example, text 
separated by two line or paragraph breaks, or text at the 
beginning of a document having bold formatting may be 
identified as titles. Still other techniques will be apparent to 
those having skill in the art. Once titles are identified by the 
second filter 310, the words in the title (with the exception of 
stop words) can be used as the basis for automated searches of 
the segments. The title-filtered text comprises that portion of 
the body of text corresponding to those segments thus iden 
tified, with the text of all other segments being disregarded. 

Referring now to FIG. 4, a flow chart illustrating text pre 
processing operations is provided. Thus, beginning at block 
402, a body of text may be optionally extracted from one or 
more documents. Again, the structural and formatting char 
acteristics are preferably preserved in the extracted text. 
Thereafter, at block 404, processing may optionally continue 
where at least one portion of the body of text unrelated to a 
Subject is removed as in the case, described above, of remov 
ing sections of text. In this vein, it is understood that the actual 
removal of sections of text is performed in conjunction with 
the clustering process as noted above; however, for purposes 
of illustration, the filtering processing of block 404 is illus 
trated prior to the cluster processing to reflect the fact that the 
identification of sections within the text effectuates the sub 
sequent removal (i.e., filtering) of portions of the text. 
Regardless, processing continues at block 406 where the 
body of text (or filtered body of text) is split into a plurality of 
segments, for example according to individual sentences. 
The resulting plurality of segments may then follow either 

or both of the two illustrated paths. Along the first, the plu 
rality of segments may be subject to tokenization of infre 
quent words at block 408. The plurality of segments (whether 
tokenized or not) are thereafter clustered at block 412 as 
described above. Each cluster is then examined, at block 414, 
to identify segments within a cluster having lowest relevance 
to the cluster, or clusters having low-relevance as a whole. 
Thereafter, at block 416, such low-relevance segments are 
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removed from their respective clusters, or such clusters are 
eliminated entirely. The segments remaining in the final clus 
ters correspond to those portions of the body of text provided, 
at block 418, as the relevance-filtered text. Alternatively, or 
additionally, processing may continue following segmenta- 5 
tion at block 420 where segments not including words from 
one or more titles associated with the body of text are disre 
garded Such that the remaining segments are provided as 
additional, title-filtered text at block 422. 
As described above, the instant disclosure provides useful 10 

techniques for preprocessing bodies of text to improve per 
formance of statistical machine learning techniques. Addi 
tional improvements to the classification component 108 are 
described below relative to FIGS. 5 and 6. Referring now to 
FIG. 5, a block diagram is provided illustrating the classifi- 15 
cation component of FIG. 1 in greater detail. In particular, the 
classification component 108 comprises a first classification 
Sub-component 510 and a second classification Sub-compo 
nent 520. The first classification sub-component 510 further 
comprises at least one classifier. Specifically, in the illustrated 20 
embodiment, the first classification sub-component 310 com 
prises a first classifier 512 and a second classifier 514. Like 
wise, the second classification Sub-component 510 comprises 
as least one classifier. In the illustrated embodiment, the sec 
ond classification sub-component 510 comprises a third clas- 25 
sifier 522 and a further classifier 524. As described below, in 
an embodiment, the various classification Sub-components 
510,520 can operate on different portions of the body of text. 
For example, the first classification sub-component 510 can 
operate on a first portion of the body of text and the second 30 
classification Sub-component 520 can operate on a second 
potion of the body oftext, where the first and second portions 
of the body of text are mutually exclusive of each other. 
Conversely, the classification Sub-components may also 
works on portions of the body of textin which at least some of 35 
the text is commonly operated upon by both of the classifi 
cation Sub-components. 

In an embodiment, the first and second classifiers 512,514 
used in the first classification sub-component 510 are exclu 
sively supervised classifiers, whereas the third and fourth 40 
classifiers 522, 524 used in the second classification sub 
component 520 may comprise any combination of semi-Su 
pervised and/or unsupervised classifiers. For example, the 
third classifier 522 may implement a semi-supervised classi 
fication technique, whereas the fourth classifier 524 may 45 
implement an unsupervised classification technique. As 
noted above, unsupervised classification algorithms do not 
require any labeled data as input in order to work, whereas 
Supervised classification algorithms require labeled data in 
order to train the classifier and semi-Supervised classification 50 
algorithms can incorporate both labeled training data and 
unlabeled data. As further known in the art, the various super 
vised and semi-supervised classifiers 512, 514,522 may use 
seed attributes and/or values 504, also referred to as labeled 
training data, to initially train their underlying learning mod- 55 
els. For example, such seeds 504 may be provided from 
manually labeled training data Such as lists of domain-spe 
cific values including colors, materials, countries and/or units 
of measure. 
As noted previously, titles often contain values for one or 60 

more attributes. Thus, in the illustrated embodiment, the first 
classifier 512 may comprise the so-called winnow algorithm 
and may be configured to operate exclusively on titles 506 as 
shown. Other algorithms, such as the CRF and/or HMM 
sequential classification algorithms may be used, additionally 65 
or alternatively, for this purpose. In this fashion, the first 
classifier 512 extracts (labels) at least a portion of previously 
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unknown values from titles based on known attributes taken, 
for example, from the labeled training data 504. In a similar 
vein, the second classifier 514 may employ the winnow or 
perceptron algorithms to label at least a portion of unknown 
values in the body of text 508 (which may be preprocessed as 
described above) based on a relatively large number of known 
attributes from labeled training data 504. Based on these 
classifiers 512, 514, the first classification sub-component 
510 provides as a first set of values 516 a first portion of the 
plurality of unknown values from the body of text 508 and 
titles 506. 

In an embodiment, the third classifier 522 may be used to 
label unknown attributes and values. To this end, the third 
classifier 522 may employ the so-called co-EM classification 
algorithm based on a naive Bayes classifier, as described in 
greater detail in the 215 and 244 applications. As described 
therein, the labeled training data 504 is used to train the 
underlying naive Bayes classifier, i.e., to label attributes and 
values based on the labeled training data. In turn, the co-EM 
classification algorithm is able to extend the results of the 
naive Bayes classifier to label unknown attributes and values 
in the body of text 508. In this sense, together, co-EM with 
naive Bayes is a semi-supervised classification technique. 
As further shown, the second classification Sub-component 

520 in the illustrated embodiment also includes the fourth 
classifier 524, which comprises an unsupervised classifier. In 
an embodiment, the fourth classifier 524 operates to calculate 
the likelihood that a given word is an attribute based on the 
cumulative mutual information (CMI) metric. For example, 
as described in the 215 and 244 applications, the CMI 
metric is grounded in the assumption that attributes are likely 
to co-occur with a relatively small number of other words, i.e., 
likely values for the attribute. Thus, the CMI-based metric 
described in the 215 and 244 applications identifies a rela 
tive small number of words (attributes) that co-occur with not 
too many and not too few other words (values). In this man 
ner, relative high quality (in terms of accuracy) attributes and 
values may be identified. As shown, the attributes and values 
identified in this manner may be used as further seed 
attributes and values for the third classifier 522. Thus, the 
second classification Sub-component 520 results in a portion 
of the unknown attributes in the body of text being labeled as 
a set of attributes and a second portion of the unknown values 
being labeled as a second set of values. The set of attributes 
and second set of values thus identified are collectively illus 
trated by the path having reference numeral 526 in FIG. 5. 
Note that the second portion of the unknown values (giving 
rise to the second set of values 526) may overlap with the first 
portion of the unknown values (giving rise to the first set of 
values 516) to the extent that the second classifier 514 oper 
ates independently of the second classification Sub-compo 
nent 520 and, more specifically, the third and fourth classifiers 
522,524. 
As illustrated by the dotted lines, the first set of values 516 

as well as the second set of value and the set of attributes 526 
may be used to update the leaning models implemented by the 
various supervised and semi-supervised classifiers 512, 514, 
522. In this manner, the particular advantages provided by the 
separate types of classifiers 512, 514, 522 may be used to 
improve the performance of all such classifiers. Alternatively 
or additionally, the active learning component 110 may also 
be employed to operate upon the first set of values 516 as well 
as the second set of value and the set of attributes 526 to 
provide one or more corrected attributes and/or corrected 
values 532. Once again, the corrected attributes and/or cor 
rected value 532 may then be used as input to update the 
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leaning models implemented by the various Supervised and 
semi-supervised classifiers 512, 514,522. 

Referring now to FIG. 6, a flow chart illustrating classifi 
cation processing in accordance with the instant disclosure is 
provided. As shown, the process begins at block 602 where a 
first portion of unknown values in the body of text are labeled 
as a first set of values. As described above, this may be 
performed by the first classification sub-component 510 via 
the second classifier 514, in conjunction with the further 
processing of the first classifier 512. Likewise, at block 604, 
a portion of the unknown attributes in the body of text are 
labeled as a set of attributes and a second portion of the 
unknown values are labeled as a second set of values. As 
described above, this may be performed by the second clas 
sification sub-component 520 via the third and fourth classi 
fiers 522. 524. Using the active learning component 110. 
active learning techniques may be optionally applied to the 
set of attributes and the first and second set of values, at block 
606, to provide one or more corrected attributes and/or cor 
rected values. Regardless, processing continues where learn 
ing models implemented by the various classification com 
ponents are updated at least based upon the set of attributes 
and the first and second set of values. Where active learning is 
employed, this update processing may include the one or 
more corrected attributes and/or corrected values. 
As described above, the instant disclosure sets forth vari 

ous techniques for improving performance of statistical 
machine learning techniques. Thus, in one embodiment, pre 
processing of a body of text is provided whereby extraneous 
information, unrelated to a given Subject, is removed from the 
body of text based in part upon relevance determinations. In 
another embodiment, a suite of classification algorithms is 
employed wherein the collective performance of the suite of 
algorithms is improved by using the results of each algorithm 
to update the underlying learning models of each. For at least 
these reasons, the above-described techniques represent an 
advancement over prior art teachings. 

While particular preferred embodiments have been shown 
and described, those skilled in the art will appreciate that 
changes and modifications may be made without departing 
from the instant teachings. It is therefore contemplated that 
any and all modifications, variations or equivalents of the 
above-described teachings fall within the scope of the basic 
underlying principles disclosed above and claimed herein. 
What is claimed is: 
1. A method for at least one processing device to identify at 

least one attribute and at least one value in a body of text 
comprising a plurality of unknown attributes and a plurality 
of unknown values, the method comprising: 

labeling, by a first classification Sub-component operating 
on a first portion of the body of text and implemented by 
the at least one processing device, a first portion of the 
plurality of unknown values as a first set of values; 

labeling, by a second classification Sub-component oper 
ating on a second portion of the body of text and imple 
mented by the at least one processing device, a portion of 
the plurality of unknown attributes as a set of attributes 
and a second portion of the plurality of unknown values 
as a second set of values; and 

updating, by the first classification Sub-component and the 
second classification Sub-component, learning models 
implemented by the first classification Sub-component 
and the second classification Sub-component based on 
the set of attributes and the first and second set of values. 

2. The method of claim 1, further comprising labeling the 
first portion of the plurality of unknown values as the first set 
of values based on a Supervised classification technique. 
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3. The method of claim 1, further comprising labeling the 

first portion of the plurality of unknown values as the first set 
of values based on titles within the body of text. 

4. The method of claim 1, further comprising labeling the 
portion of the plurality of unknown attributes as the set of 
attributes based on a semi-supervised classification tech 
nique. 

5. The method of claim 1, further comprising labeling the 
portion of the plurality of unknown attributes as the set of 
attributes based on a unsupervised classification technique. 

6. The method of claim 1, further comprising: 
determining, by an active learning component operatively 

coupled to the first classification Sub-component and the 
second classification Sub-component and implemented 
by the at least one processing device, at least one of a 
corrected attribute and a corrected value based on the set 
of attributes and the first and second set of values, 

wherein updating the learning models further comprises 
updating the learning models based on either of the 
corrected attribute and the corrected value. 

7. An apparatus, comprising at least one processing device, 
operable to identify at least one attribute and at least one value 
in a body of text comprising a plurality of unknown attributes 
and a plurality of unknown values, comprising: 

a first classification Sub-component, implemented by at 
least one processing device, operable to label, from a 
first portion of the body of text, a first portion of the 
plurality of unknown values as a first set of values; and 

a second classification Sub-component, implemented by 
the at least one processing device, operable to label, 
from a second portion of the body of text, a portion of the 
plurality of unknown attributes as a set of attributes and 
a second portion of the plurality of unknown values as a 
second set values, 

wherein learning models implemented by the first classifi 
cation Sub-component and the second classification Sub 
component are updated, by the first classification Sub 
component and the second classification Sub 
component, based on the set of attributes and the first and 
second set of values. 

8. The apparatus of claim 7, wherein the first classification 
Sub-component implements a Supervised classification tech 
nique. 

9. The apparatus of claim 7, wherein the first classification 
Sub-component is configured to operate on titles within the 
body of text. 

10. The apparatus of claim 7, wherein the second classifi 
cation Sub-component implements a semi-supervised classi 
fication technique. 

11. The apparatus of claim 7, wherein the second classifi 
cation Sub-component implements an unsupervised classifi 
cation technique. 

12. The apparatus of claim 7, further comprising: 
an active learning component, implemented by the at least 

one processing device and operatively connected to the 
first classification Sub-component and the second clas 
sification Sub-component, operable to provide at least 
one of a corrected attribute and a corrected value based 
on the set of attributes and the first and second set of 
values, 

wherein the first classification Sub-component and the sec 
ond classification Sub-component are further operable to 
update the learning models based on either of the cor 
rected attribute and the corrected value. 

13. A non-transitory computer-readable medium having 
stored thereon instructions that, when executed by a com 
puter, cause the computer to: 
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in a body of text comprising a plurality of unknown 
attributes and a plurality of unknown values, label, based 
on a first classification technique operating on a first 
portion of the body of text, a first portion of the plurality 
of unknown values as a first set of values; 

label, based on a second classification technique operating 
on a second portion of the body of text, a portion of the 
plurality of unknown attributes as a set of attributes and 
a second portion of the plurality of unknown values as a 
second set of values; and 

update learning models used to implement the first classi 
fication technique and the second classification tech 
nique based on both the set of attributes and the first and 
second set of values. 

14. The computer-readable medium of claim 13, further 
comprising instructions that, when executed by the computer, 
cause the computer to label the first portion of the plurality of 
unknown values as the first set of values based on a Supervised 
classification technique. 

15. The computer-readable medium of claim 13, further 
comprising instructions that, when executed by the computer, 
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cause the computer to label the first portion of the plurality of 
unknown values as the first set of values based on titles within 
the body of text. 

16. The computer-readable medium of claim 13, further 
comprising instructions that, when executed by the computer, 
cause the computer to label the portion of the plurality of 
unknown attributes as the set of attributes based on a semi 
Supervised classification technique. 

17. The computer-readable medium of claim 13, further 
comprising instructions that, when executed by the computer, 
cause the computer to label the portion of the plurality of 
unknown attributes as the set of attributes based on a unsu 
pervised classification technique. 

18. The computer-readable medium of claim 13, further 
comprising instructions that, when executed by the computer, 
cause the computer to: 

determine at least one of a corrected attribute and a cor 
rected value based on the set of attributes and the first 
and second set of values, 

wherein the instructions are further operative to cause the 
computer to update the learning models based on either 
of the corrected attribute and the corrected value. 
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